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Abstract — The vibration of mobile cleaning robots can indicate
performance degradation or operational safety issues.
Therefore, it is crucial to identify the cause of vibrations at an
early stage in order to prevent functional loss and hazardous
working conditions. To overcome these drawbacks, a novel
Maintenance using SCB-LSTM (MASS) Robot system has been
proposed for enhanced maintenance planning and real-time
fault detection in cleaning robots. Initially, vibration data is
collected during the robot's operation. This data is processed
through a Stacked Convolutional neural network Bi-directional
Long Short-Term Memory (SCB-LSTM) model to identify
specific sources of vibration. The information is then sent
wirelessly to a remote monitoring application, allowing users to
track the robot's condition in real-time and diagnose issues
efficiently. The suggested MASS technique has been assessed
using a MATLAB simulator. The efficacy of the suggested
MASS approach has been evaluated by utilizing parameters
such as F1-score, recall, accuracy and precision respectively.
The proposed MASS method achieves better accuracy of
79.8%, 85.4%, and 88.1% than GPM [20], DBF [23], and KPM
[25] methods.

Keywords — Predictive maintenance, Real-time fault detection,
Stacked CNN Bi-LSTM, remote monitoring.

1. INTRODUCTION

Nowadays, mobile cleaning robots are ubiquitous, being
used everywhere from industries, homes, hypermarkets,
airports, hospitals, and food courts to vacuum, mop, and
sanitize [1]. In order to prevent malfunctions, catastrophic
failures, and customer dissatisfactions, the robotic cleaning
system needs to be maintained and deployed in an
environment that is friendly to robots [2,3]. At present
performance degradation and safety-related problems with
professional cleaning robots are commonly observed through
manual supervision. Unfortunately, the lack of past failure
data makes it labor- and skill-intensive, time-consuming, and
difficult to implement, particularly with the recently
developed sophisticated cleaning robots [4—7].

Furthermore, other problems including prolonged
downtime, component underutilization, safety concerns from
sudden failure, and high operating and maintenance expenses
could be brought on by this periodic manual approach [8].
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These difficulties are avoided by automated predictive
maintenance techniques [9]. They are frequently employed
in industrial robots and automobiles for continuous health
tracking, efficiency decay prediction, hazardous operating
conditions detection, and security system failure notification
[10-12].

Predictive maintenance (PM) based on artificial
intelligence (Al) has received a lot of attention especially for
automated PM design. For fault identification and
classification, it uses Machine Learning (ML) and Deep
Learning (DL) models [13-15]. In order to provide a secure
and effective service in a complex and dynamically changing
environment, detect any efficiency decay, and prevent
operational security issues, autonomous mobile cleaning
robots are mandated to use the PM system [16-19]. To
overcome these shortcomings, a novel MASS framework has
been presented to forecast performance degradation and
identify hazardous operating environments. The following
are the main contributions of the suggested MASS method:

e Initially, the vibration data is collected during
robot’s operation and this data is fed into SCB-
LSTM model to classify the specific sources of
vibration.

e The classified information is then sent to a
remote monitoring application, allowing users
to track the robot's condition in real-time.

e The primary advantage of the suggested
method significantly enhances real-time
monitoring and enabling efficient fault
detection and maintenance planning through a
remote app.

e Evaluations of the suggested MASS
framework's performance have been conducted
using evaluation metrics, including recall,
accuracy, F1-score, and precision.

The remainder of the work has been organized as
follows. Section 2 presents the literature review of PM in
robots. Section 3 provides the suggested MASS technique in
detail. Section 4 describes the experimental results and
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discussion in detail. Section 5 describes the conclusion
section.

2. LITERATURE REVIEW

This section is to describe the health monitoring systems
that can predict early signs of failure of industrial and
machines robots that are discussed in this paper. Some of
those techniques are briefly discussed in this section.

In 2023, Aivaliatis, P., et al., [20] proposed a generic PM
framework (GPM) for complex machinery assets with
multiple components and aspects in order to enable and
execute the Digital Twin (DT) concept. The method's
primary functions will be the planning of maintenance tasks
and the evaluation of the machines' states. The work's
findings demonstrate that developing, implementing, and
running a DT with a 95% accuracy rate is achievable.

In 2023, Mourtzis, D., et al., [21] proposed a method that
use DT as well as PM for the prediction of remaining useful
life (RUL) to enhance the reliability of robotic cells. As a
result of the current research’'s findings, suitable periodic
maintenance can be implemented, ensuring high reliability
and averting major robotic cell failures.

In 2023, Wang, X., et al., [22] provided a PM system
that combines a decision support system for maintenance
scheme assistance, a knowledge graph (KG) construction
module for industrial robots (IRs), and a fault prediction
module. The results demonstrate that the suggested system
and approach function well when used on welding robots in
a new energy car welding workplace.

In 2024, Chakroun, A., et al., [23] provided a PM
method based on ML and Al called Discrete Bayes Filter
(DBF) to evaluate and predict the slow degradation of robots'
power transmitters. The objective is to enable operators to
make knowledgeable judgments about maintenance
interventions. The results show that the DBF method
outperforms the Naive Bayes Filter (NBF) method in terms
of predictive performance.

In 2024, Kolvig-Raun, E.S., et al., [24] introduced a
knowledge-based predictive model (KPM) that is intended to
estimate a robotic joint's End of Life (EoL) so that its RUL
can be predicted in relation to the specified load situation.
With a lower limit of 90.3% for worst-case performance, the
model exhibits a high degree of accuracy.

In 2024, Jeon, J.E., et al., [25] suggested a novel PM
approach to forecast the wafer transfer robot's error and
categorize the fault's significance degree. The benefit of the
suggested approach is that it uses the Mean-Shift (MS)
algorithm to classify the degree of errors and applies a more
accurate Gaussian mixture model (GMM) to differentiate
mistakes from normal data.

The approaches discussed above have certain
shortcomings, including identifying a particular issue, its
severity, or its RUL, and failing to take the external causes
of degradation into consideration to predictive maintenance
in robots. These flaws are effectively overcome by the
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suggested MASS technique, which is presented in the
following section.

3. MAINTENANCE USING STACKED CNN BI-LSTM
(MASS) SYSTEM

In this section, a novel MASS framework has been
proposed for enhanced maintenance planning and real-time
fault detection in cleaning robots. Initially, vibration data is
collected during the robot's operation and categorized into
normal, internal factors, or external factors. This data is
processed through a SCB-LSTM to identify specific sources
of vibration. The information is then sent wirelessly to a
remote monitoring application, allowing users to track the
robot's condition in real-time and diagnose issues efficiently.
The block diagram for the suggested MASS method has been
given in Figure 1.

Vibration data
acquisition

RoombaRobot

Classification

-

S o

Remote monitoring app

Stacked CNN Bi-LSTM

|

Vibration source
mapping module

Figure 1. Overall proposed MASS technique
3.1. Autonomous cleaning robot “Roomba”

A Roomba robotic vacuum is an autonomous in-house
cleaning device designed for automated floor vacuuming.
The overall size of Roomba varies depending on the model,
but typically it has a compact, round form factor, around 35
cm in diameter and weighing approximately 3-4 kg. The
robot is equipped with an array of sensors and smart
technologies to perform autonomous cleaning tasks. A
central processing unit (CPU) manages the operation of the
robot, including navigation, obstacle detection, and cleaning
operations. Roomba uses a brush-and-suction mechanism to
clean debris, with different brush systems suited for various
surfaces like carpets and hardwood floors. Roomba can be
controlled and monitored via a Wi-Fi connection through the
iRobot Home app, providing remote control, scheduling, and
status updates.

3.2. Vibration data acquisition phase

This module uses five vibration classes as key
indications for operational safety concerns and deterioration
in the performance of mobile cleaning robots. As seen in
Figure 2, it falls into three categories: internal factors,
normal, and external factors. In this case, internal causes are
responsible for compilation and composition-induced
vibrations, whereas exterior factors are responsible for
surface and strike-induced vibrations.
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Figure 2. Classification of vibration sources

3.3. Classification using Stacked CNN Bi-LSTM (SCB-
LSTM)

After the vibration data is acquired, this work uses SCB-
LSTM to ensure both spatial and temporal information from
the vibration signals are captured effectively for enhancing
the classification accuracy. Experiments demonstrate that
deep CNN and LSTM architectures with multiple hidden
layers are capable of constructing increasingly complex
representations of sequence data, and their performance is
fairly good. This stacking-layers approach has the potential
to improve neural network performance.

CNN may gather spatial feature dimensions and extract
spatial feature vectors from the input data in its capacity as a
feature detector. CNNs make sense as the foundational layer
of the paradigm proposed in this paper. The previous sections
covered the use of both forward and backward dependencies
in Bi-LSTMs. Both the temporal dependence and the spatial
correlation in various areas of the feature information can be
recorded throughout the feature learning process when
supplying the Bi-LSTMs with the input sequence. This
means that the Bi-LSTMs are ideally suited to be the first or
second layer in the suggested model, following CNN, in
order to extract valuable information from time series data.
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Figure 3. Architecture diagram of SCB-LSTM

The last layer of the design just needs to anticipate future
values by iteratively calculating in the forward direction and
producing projected values using learned features, or the
outputs from lower layers. Therefore, it would be preferable
to include an LSTM layer as the final layer in the suggested
model in order to capture forward dependency.

To forecast the anomaly values, a deep architecture
known as the SCB-LSTM was shown in Figure 3. The
proposed model trains stacked bidirectional LSTMs (SB-
LSTMs) for feature learning after using stacked CNNs to
extract features from vibration sensor data. Following this
process, the feature learning is improved by the stacked

unidirectional LSTMs (SU-LSTM), and at the end, the
regression layer makes a fault detection prediction.

3.4 Vibration source mapping phase

This module interprets the classification results and
maps them to specific sources of vibration, helping to
diagnose the cause of the vibrations. For instance, if an
internal factor is detected, the system may identify a specific
component in the Roomba that requires attention. A PM map
is produced by continually fusing the vibration source classes
produced by the prediction algorithm into the grid map.
Using the PM map, the maintenance team or user can see
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what kinds of safety-related problems and performance
deterioration are present in the deployment space.

3.5 Remote monitoring Phase

The Roomba robot's real-time prediction results can be
visualized and controlled in teleoperation mode using a smart
phone app, as illustrated in Figure 1. This gives users and
technicians the ability to keep an eye on the Roomba's health
in real time, giving them information about any possible
problems or maintenance requirements. Using the MQTT
messaging protocol, the app establishes a connection with the
robot and gathers the anticipated data in either a request-
based or continuous manner.

4. RESULT AND DISCUSSION

In this
section, the suggestedMASS ~ framework  has  been
implemented on a MATLAB simulator. In order to assess the
efficacy of the suggested MASS framework, it has been
compared with other techniques, including TLS [16], HDL-
AIDM [21], ACCeSS [23], and DTLS [25]. A number of
important efficacy metrics such as F-measure, recall,
accuracy and precision were evaluated in order to determine
how well the MASS method performed.

4.1. System implementation

A component-oriented MASS approach has been
developed, with an emphasis on the identification and
categorization of malfunctioning behavior in the vital
components of the robots. A DL algorithm has to be trained
in order to finish developing the suggested technique. Both
the data analysis and DL model training are done with
MATLAB. In this study, SCB-LSTM are employed. Figure
4 denotes the proposed Roomba robot we used in this paper.

Figure 4. Hardware setup

4.2. Performance evaluation

The efficiency of the suggested MASS framework was
compared with existing models such as GPM, DBF, and
KPM. The technique’s efficacy was evaluated utilizing the
statistical measure metrics of precision, accuracy, F-
measure, and recall (Equations (1)—(4)). According to the

conventional confusion matrix, TN, TP, FN, and FP stand for
true negatives, true positives, false negatives, and false
positives, respectively.

TP+TN

Accuracy = ———— (D)
TP+FP+TN+FN
.. TP
Precision = 2
TP+FP
TP
Recall = 3)
TP+FN
2XPrecisionxRecall
F1—score = ———— (4)
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Figure 5. Performance analysis

Figure 5 shows the recall, accuracy, fl-score, and
precision comparison between the proposed MASS
methodology and the current methods, including GPM, DBF,
and KPM approaches. As can be seen from the comparison,
the novel MASS method obtains an accuracy of 92.2%,
which is greater than that of current methods like GPM [20],
DBF [23], and KPM [25] models, which reach accuracy of
79.8%, 85.4%, and 88.1%, respectively.
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Figure 6. Vibration signals with various classes

The time-amplitude graph for the raw vibration signal
data obtained for each of the five classes across the three axes
of each angular velocity signal type is displayed in Figure 6.
The graphs show how the signals change as a function of
various vibration source types visually. Plotted for a single
sample of 128 data points, approximately 3.2 seconds of
capture time.

5. CONCLUSION

In this research, a novel MASS approach has been
suggested for enhanced maintenance planning and real-time
fault detection in cleaning robots. We used an autonomous
cleaning robot that we developed in-house to test and validate
the suggested approach. Using the MATLAB simulator, a
SCB-LSTM algorithm was created and trained on five
vibration signal datasets produced by the Roomba robot
under various health situations. The efficacy of the suggested
MASS approach has been evaluated by utilizing parameters
such as F1-score, recall, accuracy and precision respectively.
The proposed MASS method achieves better accuracy of
79.8%, 85.4%, and 88.1% than GPM [20], DBF [23], and
KPM [25] methods. Future work should enhance self-
diagnosis and repair capabilities, optimizing robot design and
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maintenance strategies for greater operational efficiency and
safety.

CONFLICTS OF INTEREST

The authors declare that they have no known competing
financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

FUNDING STATEMENT
Not applicable.
ACKNOWLEDGEMENTS

The author would like to express his heartfelt gratitude
to the supervisor for his guidance and unwavering support
during this research for his guidance and support.

REFERENCES

[1] U. lzagirre, I. Andonegui, I. Landa-Torres and U. Zurutuza,
2022. “A practical and synchronized data acquisition network
architecture for industrial robot predictive maintenance in
manufacturing assembly lines”, Robotics and Computer-
Integrated Manufacturing, vol. 74, pp. 102287. [CrossRef]
[Google Scholar] [Publisher Link]
K. Shukla, S. Nefti-Meziani and S. Davis, “A heuristic
approach on predictive maintenance techniques: Limitations
and scope”, Advances in Mechanical Engineering, vol. 14, no.
6, pp. 16878132221101009, 2022. [CrossRef] [Google
Scholar] [Publisher Link]
R. Anandan, S. Gopalakrishnan, S. Pal and N. Zaman eds.,
“Industrial Internet of Things (110T): Intelligent Analytics for
Predictive Maintenance”, John Wiley & Sons, 2022.
[CrossRef] [Google Scholar] [Publisher Link]
M. Soori, B. Arezoo and R. Dastres, “Artificial intelligence,
machine learning and deep learning in advanced robotics, a
review”, Cognitive Robotics, vol. 3, pp. 54-70, 2023.
[CrossRef] [Google Scholar] [Publisher Link]
J. Wang and R.X. Gao, “Innovative smart scheduling and
predictive maintenance techniques”, In Design and Operation
of Production Networks for Mass Personalization in the Era of
Cloud Technology, pp. 181-207, 2022. [CrossRef] [Google
Scholar] [Publisher Link]
M.R. Mia and J. Shuford, “Exploring the Synergy of Artificial
Intelligence and Robotics in Industry 4.0 Applications”,
Journal of Artificial Intelligence General science (JAIGS)
ISSN: 3006-4023, vol. 1, no. 1, 2024. [CrossRef] [Google
Scholar] [Publisher Link]
Q. Cao, C. Zanni-Merk, A. Samet, C. Reich, F.D.B. De
Beuvron, A. Beckmann and C. Giannetti, “KSPMI: a
knowledge-based system for predictive maintenance in
industry  4.0”, Robotics and  Computer-Integrated
Manufacturing, vol. 74, p.102281, 2022. [CrossRef] [Google
Scholar] [Publisher Link]
H. Meriem, H. Nora and O. Samir, “Predictive maintenance for
smart industrial systems: a roadmap. Procedia Computer
Science”, vol. 220, pp. 645-650, 2023. [CrossRef] [Google
Scholar] [Publisher Link]
D. Zhong, Z. Xia, Y. Zhu and J. Duan, “Overview of predictive
maintenance based on digital twin technology”, Heliyon, vol.
9, no. 4, 2023. [CrossRef] [Google Scholar] [Publisher Link]
[10] O. Khalid, G. Hao, C. Desmond, H. Macdonald, F.D.
McAuliffe, G. Dooly and W. Hu, “Applications of robotics in
floating offshore wind farm operations and maintenance:
Literature review and trends”, Wind Energy, vol. 25, no. 11,
pp. 1880-1899, 2022. [CrossRef] [Google Scholar] [Publisher
Link]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]



https://doi.org/10.1016/j.rcim.2021.102287
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B1%5D%09U.+Izagirre%2C+I.+Andonegui%2C+I.+Landa-Torres+and+U.+Zurutuza%2C+2022.+%E2%80%9CA+practical+and+synchronized+data+acquisition+network+architecture+for+industrial+robot+predictive+maintenance+in+manufacturing+assembly+lines%E2%80%9D%2C+Robotics+and+Computer-Integrated+Manufacturing%2C+vol.+74%2C+pp.+102287&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0736584521001678
https://doi.org/10.1177/16878132221101009
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B2%5D%09K.+Shukla%2C+S.+Nefti-Meziani+and+S.+Davis%2C+%E2%80%9CA+heuristic+approach+on+predictive+maintenance+techniques%3A+Limitations+and+scope%E2%80%9D%2C+Advances+in+Mechanical+Engineering%2C+vol.+14%2C+no.+6%2C+pp.+16878132221101009%2C+2022.+&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B2%5D%09K.+Shukla%2C+S.+Nefti-Meziani+and+S.+Davis%2C+%E2%80%9CA+heuristic+approach+on+predictive+maintenance+techniques%3A+Limitations+and+scope%E2%80%9D%2C+Advances+in+Mechanical+Engineering%2C+vol.+14%2C+no.+6%2C+pp.+16878132221101009%2C+2022.+&btnG=
https://journals.sagepub.com/doi/full/10.1177/16878132221101009
https://books.google.co.in/books?hl=en&lr=&id=GileEAAAQBAJ&oi=fnd&pg=PA31&dq=%5B3%5D%09R.+Anandan,+S.+Gopalakrishnan,+S.+Pal+and+N.+Zaman+eds.,+%E2%80%9CIndustrial+Internet+of+Things+(IIoT):+Intelligent+Analytics+for+Predictive+Maintenance%E2%80%9D,+John+Wiley+%26+Sons,+2022&ots=CWeU7346T6&sig=JSlsxcY_OnZe0ozF6ygiBDTWBuo&redir_esc=y#v=onepage&q=%5B3%5D%09R.%20Anandan%2C%20S.%20Gopalakrishnan%2C%20S.%20Pal%20and%20N.%20Zaman%20eds.%2C%20%E2%80%9CIndustrial%20Internet%20of%20Things%20(IIoT)%3A%20Intelligent%20Analytics%20for%20Predictive%20Maintenance%E2%80%9D%2C%20John%20Wiley%20%26%20Sons%2C%202022&f=false
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B3%5D%09R.+Anandan%2C+S.+Gopalakrishnan%2C+S.+Pal+and+N.+Zaman+eds.%2C+%E2%80%9CIndustrial+Internet+of+Things+%28IIoT%29%3A+Intelligent+Analytics+for+Predictive+Maintenance%E2%80%9D%2C+John+Wiley+%26+Sons%2C+2022&btnG=
https://books.google.co.in/books?hl=en&lr=&id=GileEAAAQBAJ&oi=fnd&pg=PA31&dq=%5B3%5D%09R.+Anandan,+S.+Gopalakrishnan,+S.+Pal+and+N.+Zaman+eds.,+%E2%80%9CIndustrial+Internet+of+Things+(IIoT):+Intelligent+Analytics+for+Predictive+Maintenance%E2%80%9D,+John+Wiley+%26+Sons,+2022&ots=CWeU7346T6&sig=JSlsxcY_OnZe0ozF6ygiBDTWBuo&redir_esc=y#v=onepage&q=%5B3%5D%09R.%20Anandan%2C%20S.%20Gopalakrishnan%2C%20S.%20Pal%20and%20N.%20Zaman%20eds.%2C%20%E2%80%9CIndustrial%20Internet%20of%20Things%20(IIoT)%3A%20Intelligent%20Analytics%20for%20Predictive%20Maintenance%E2%80%9D%2C%20John%20Wiley%20%26%20Sons%2C%202022&f=false
https://doi.org/10.1016/j.cogr.2023.04.001
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B4%5D%09M.+Soori%2C+B.+Arezoo+and+R.+Dastres%2C+%E2%80%9CArtificial+intelligence%2C+machine+learning+and+deep+learning+in+advanced+robotics%2C+a+review%E2%80%9D%2C+Cognitive+Robotics%2C+vol.+3%2C+pp.+54-70%2C+2023&btnG=
https://www.sciencedirect.com/science/article/pii/S2667241323000113
https://doi.org/10.1016/B978-0-12-823657-4.00007-5
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B5%5D%09J.+Wang+and+R.X.+Gao%2C+%E2%80%9CInnovative+smart+scheduling+and+predictive+maintenance+techniques%E2%80%9D%2C+In+Design+and+Operation+of+Production+Networks+for+Mass+Personalization+in+the+Era+of+Cloud+Technology%2C+pp.+181-207%2C+2022.+&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B5%5D%09J.+Wang+and+R.X.+Gao%2C+%E2%80%9CInnovative+smart+scheduling+and+predictive+maintenance+techniques%E2%80%9D%2C+In+Design+and+Operation+of+Production+Networks+for+Mass+Personalization+in+the+Era+of+Cloud+Technology%2C+pp.+181-207%2C+2022.+&btnG=
https://www.sciencedirect.com/science/article/abs/pii/B9780128236574000075
https://doi.org/10.60087/jaigs.v1i1.31
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B6%5D%09M.R.+Mia+and+J.+Shuford%2C+%E2%80%9CExploring+the+Synergy+of+Artificial+Intelligence+and+Robotics+in+Industry+4.0+Applications%E2%80%9D%2C+Journal+of+Artificial+Intelligence+General+science+%28JAIGS%29+ISSN%3A+3006-4023%2C+vol.+1%2C+no.+1%2C+2024&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B6%5D%09M.R.+Mia+and+J.+Shuford%2C+%E2%80%9CExploring+the+Synergy+of+Artificial+Intelligence+and+Robotics+in+Industry+4.0+Applications%E2%80%9D%2C+Journal+of+Artificial+Intelligence+General+science+%28JAIGS%29+ISSN%3A+3006-4023%2C+vol.+1%2C+no.+1%2C+2024&btnG=
https://ojs.boulibrary.com/index.php/JAIGS/article/view/31
https://doi.org/10.1016/j.rcim.2021.102281
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B7%5D%09Q.+Cao%2C+C.+Zanni-Merk%2C+A.+Samet%2C+C.+Reich%2C+F.D.B.+De+Beuvron%2C+A.+Beckmann+and+C.+Giannetti%2C+%E2%80%9CKSPMI%3A+a+knowledge-based+system+for+predictive+maintenance+in+industry+4.0%E2%80%9D%2C+Robotics+and+Computer-Integrated+Manufacturing%2C+vol.+74%2C+p.102281%2C+2022&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B7%5D%09Q.+Cao%2C+C.+Zanni-Merk%2C+A.+Samet%2C+C.+Reich%2C+F.D.B.+De+Beuvron%2C+A.+Beckmann+and+C.+Giannetti%2C+%E2%80%9CKSPMI%3A+a+knowledge-based+system+for+predictive+maintenance+in+industry+4.0%E2%80%9D%2C+Robotics+and+Computer-Integrated+Manufacturing%2C+vol.+74%2C+p.102281%2C+2022&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0736584521001617
https://doi.org/10.1016/j.procs.2023.03.082
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B8%5D%09H.+Meriem%2C+H.+Nora+and+O.+Samir%2C+%E2%80%9CPredictive+maintenance+for+smart+industrial+systems%3A+a+roadmap.+Procedia+Computer+Science%E2%80%9D%2C+vol.+220%2C+pp.+645-650%2C+2023&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B8%5D%09H.+Meriem%2C+H.+Nora+and+O.+Samir%2C+%E2%80%9CPredictive+maintenance+for+smart+industrial+systems%3A+a+roadmap.+Procedia+Computer+Science%E2%80%9D%2C+vol.+220%2C+pp.+645-650%2C+2023&btnG=
https://www.sciencedirect.com/science/article/pii/S1877050923006178
https://doi.org/10.1016/j.heliyon.2023.e14534
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B9%5D%09D.+Zhong%2C+Z.+Xia%2C+Y.+Zhu+and+J.+Duan%2C+%E2%80%9COverview+of+predictive+maintenance+based+on+digital+twin+technology%E2%80%9D%2C+Heliyon%2C+vol.+9%2C+no.+4%2C+2023&btnG=
https://www.cell.com/heliyon/fulltext/S2405-8440(23)01741-3
https://doi.org/10.1002/we.2773
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B10%5D%09O.+Khalid%2C+G.+Hao%2C+C.+Desmond%2C+H.+Macdonald%2C+F.D.+McAuliffe%2C+G.+Dooly+and+W.+Hu%2C+%E2%80%9CApplications+of+robotics+in+floating+offshore+wind+farm+operations+and+maintenance%3A+Literature+review+and+trends%E2%80%9D%2C+Wind+Energy%2C+vol.+25%2C+no.+11%2C+pp.+1880-1899%2C+2022&btnG=
https://onlinelibrary.wiley.com/doi/full/10.1002/we.2773
https://onlinelibrary.wiley.com/doi/full/10.1002/we.2773

M. B. Asha Stebi et al. / IJDSAI, 02(5), 155-160, 2024

[11] A. Galdelli, M. D’Imperio, G. Marchello, A. Mancini, M.
Scaccia, M. Sasso, E. Frontoni and F. Cannella, “A novel
remote visual inspection system for bridge predictive
maintenance”, Remote Sensing, vol. 14, no. 9, pp. 2248, 2022.
[CrossRef] [Google Scholar] [Publisher Link]

[12] K. Krot, G. Iskierka, B. Poskart and A. Gola, “Predictive
monitoring system for autonomous mobile robots battery
management using the industrial Internet of Things
technology”, Materials, vol. 15, no. 19, pp. 6561, 2022.
[CrossRef] [Google Scholar] [Publisher Link]

[13] M. Soori, R. Dastres, B. Arezoo and F.K.G. Jough, “Intelligent
robotic systems in Industry 4.0: A review”, Journal of
Advanced Manufacturing Science and Technology, pp.
2024007-0, 2024. [CrossRef] [Google Scholar] [Publisher
Link]

[14] A.T. Keleko, B. Kamsu-Foguem, R.H. Ngouna and A. Tongne,
“Avrtificial intelligence and real-time predictive maintenance in
industry 4.0: a bibliometric analysis”, Al and Ethics, vol. 2, no.
4, pp. 553-577, 2022. [CrossRef] [Google Scholar] [Publisher
Link]

[15] Y. You, C. Chen, F. Hu, Y. Liu and Z. Ji, “Advances of digital
twins for predictive maintenance”, Procedia computer science,
vol. 200, pp. 1471-1480, 2022. [CrossRef] [Google Scholar]
[Publisher Link]

[16] P. Kaledio and L. Doris, “Predictive Maintenance for Medical
Robots: Leveraging Al to Analyze Data from Robotic Surgical
Systems to Predict and Prevent Equipment Failures, Ensuring
Smoother Operation and Improved Patient Care”, 2024.
[CrossRef] [Google Scholar] [Publisher Link]

[17] B. Hu, Z. Chen, M. Zhen, Z. Chen and E. Pan, “System-Level
Predictive Maintenance Optimization for No-Wait Production
Machine—Robot Collaborative Environment under Economic
Dependency and Hybrid Fault Mode”, Processes, vol. 12, no.
8, pp. 1690, 2024. [CrossRef] [Google Scholar] [Publisher
Link]

[18] M. Moleda, B. Matysiak-Mrozek, W. Ding, V. Sunderam and
D. Mrozek, “From corrective to predictive maintenance—A
review of maintenance approaches for the power industry”,
Sensors, vol. 23, no. 13, pp. 5970, 2023. [CrossRef] [Google
Scholar] [Publisher Link]

[19] A. Polenghi, L. Cattaneo and M. Macchi, A framework for
fault detection and diagnostics of articulated collaborative
robots based on hybrid series modelling of Artificial
Intelligence algorithms. Journal of Intelligent Manufacturing,
vol. 35, no. 5, pp. 1929-1947, 2024. [CrossRef] [Google
Scholar] [Publisher Link]

[20] P. Aivaliotis, Z. Arkouli, K. Georgoulias, and S. Makris,
“Methodology for enabling dynamic digital twins and virtual
model evolution in industrial robotics-a predictive
maintenance application”, International Journal of Computer
Integrated Manufacturing, vol. 36, no. 7, pp. 947-965, 2023.
[CrossRef] [Google Scholar] [Publisher Link]

[21] D. Mourtzis, S. Tsoubou and J. Angelopoulos, “Robotic cell
reliability optimization based on digital twin and predictive
maintenance”, Electronics, vol. 12, no. 9, pp. 1999, 2023.
[CrossRef] [Google Scholar] [Publisher Link]

[22] X. Wang, M. Liu, C. Liu, L. Ling, and X. Zhang, “Data-driven
and Knowledge-based predictive maintenance method for
industrial robots for the production stability of intelligent
manufacturing” Expert Systems with Applications, vol. 234,
pp. 121136, 2023. [CrossRef] [Google Scholar] [Publisher
Link]

[23] A. Chakroun, Y. Hani, A. EImhamedi and F. Masmoudi, “A
predictive maintenance model for health assessment of an
assembly robot based on machine learning in the context of
smart plant”, Journal of Intelligent Manufacturing, pp.1-19,
2024. [CrossRef] [Google Scholar] [Publisher Link]

160

[24] E.S. Kolvig-Raun, M.B. Kj&rgaard and R. Brorsen, “Joint
Stress Estimation and Remaining Useful Life Prediction for
Collaborative Robots to Support Predictive Maintenance”,
IEEE Robotics and Automation Letters, 2024. [CrossRef]
[Google Scholar] [Publisher Link]

[25] J.E. Jeon, W.S. Song, S.J. Hong and S.S. Han, “Predictive
Maintenance System for Wafer Transfer Robot Using
Gaussian Mixture Model and Mean-Shift Clustering”,
Procedia Computer Science, 237, pp.453-460, 2024.
[CrossRef] [Google Scholar] [Publisher Link]

AUTHORS

M. B. Asha Stebi received her Bachelor of
Engineering (B.E), in the field of Electronics
and Communication, from the DMI
Engineering College, Aralvaimozhi, in 2017
and completed her Master of Engineering
(M.E), in the field of Embedded System
Technologies, from James College of
Engineering and Technology, Navalcaud, in
2020 and then joined as the Trainer-IR
Operations in Insigma Technologies Pvt. Ltd.
(2020-2021). Then she completed her Master
of Business Applications (M.B.A), in the field
of Human Resource Management & Business Analytics, from Loyola
Institute of Technology and Science, Thovalai in 2023. Currently, a full-time
PhD Scholar in PSN College of Engineering and Technology, Tirunelveli.

A. Ahilan received Ph.D. from Anna University,
India, and working as an Associate Professor in
the Department ~ of  Electronics  and
Communication Engineering at PSN College of
Engineering and Technology, India. His area of
interest includes FPGA prototyping, Computer
vision, the Internet of Things, Cloud Computing
in  Medical, biometrics, and automation
applications. Served Guest editor in several
journals of Elsevier, Benthom, IGI publishers. Also, have contributed
original research articles in IEEE Transactions, SCI, SCIE, and Scopus
indexed peer-review journals. He presented various international conference
events like ASQED (Malaysia), ESREF (France). He is doing as a reviewer
in IEEE Industrial Informatics, IEEE Access, Measurement, Multimedia
Tools & Applications, Computer Networks, Medical systems, Computer &
Electrical Engineering, neural computing and applications, Cluster
Computing, IET Image Processing, and so on. He has IEEE and ISTE
membership. He has worked as a Research Consultant at TCS, Bangalore,
where he has guided many computer vision projects and Bluetooth Low
Energy projects. Hands on programming in MATLAB, Verilog and python
at various technical institutions around India.

£


https://doi.org/10.3390/rs14092248
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B11%5D%09A.+Galdelli%2C+M.+D%E2%80%99Imperio%2C+G.+Marchello%2C+A.+Mancini%2C+M.+Scaccia%2C+M.+Sasso%2C+E.+Frontoni+and+F.+Cannella%2C+%E2%80%9CA+novel+remote+visual+inspection+system+for+bridge+predictive+maintenance%E2%80%9D%2C+Remote+Sensing%2C+vol.+14%2C+no.+9%2C+pp.+2248%2C+2022&btnG=
https://www.mdpi.com/2072-4292/14/9/2248
https://doi.org/10.3390/ma15196561
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B12%5D%09K.+Krot%2C+G.+Iskierka%2C+B.+Poskart+and+A.+Gola%2C+%E2%80%9CPredictive+monitoring+system+for+autonomous+mobile+robots+battery+management+using+the+industrial+Internet+of+Things+technology%E2%80%9D%2C+Materials%2C+vol.+15%2C+no.+19%2C+pp.+6561%2C+2022&btnG=
https://www.mdpi.com/1996-1944/15/19/6561
https://hal.science/hal-04439263/
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B13%5D%09M.+Soori%2C+R.+Dastres%2C+B.+Arezoo+and+F.K.G.+Jough%2C+%E2%80%9CIntelligent+robotic+systems+in+Industry+4.0%3A+A+review%E2%80%9D%2C+Journal+of+Advanced+Manufacturing+Science+and+Technology%2C+pp.+2024007-0%2C+2024&btnG=
https://hal.science/hal-04439263/
https://hal.science/hal-04439263/
https://doi.org/10.1007/s43681-021-00132-6
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B14%5D%09A.T.+Keleko%2C+B.+Kamsu-Foguem%2C+R.H.+Ngouna+and+A.+Tongne%2C+%E2%80%9CArtificial+intelligence+and+real-time+predictive+maintenance+in+industry+4.0%3A+a+bibliometric+analysis%E2%80%9D%2C+AI+and+Ethics%2C+vol.+2%2C+no.+4%2C+pp.+553-577%2C+2022.+&btnG=
https://link.springer.com/article/10.1007/s43681-021-00132-6
https://link.springer.com/article/10.1007/s43681-021-00132-6
https://doi.org/10.1016/j.procs.2022.01.348
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B15%5D%09Y.+You%2C+C.+Chen%2C+F.+Hu%2C+Y.+Liu+and+Z.+Ji%2C+%E2%80%9CAdvances+of+digital+twins+for+predictive+maintenance%E2%80%9D%2C+Procedia+computer+science%2C+vol.+200%2C+pp.+1471-1480%2C+2022&btnG=
https://www.sciencedirect.com/science/article/pii/S187705092200357X
https://www.researchgate.net/profile/Kaledio-Potter/publication/379783934_Predictive_Maintenance_for_Medical_Robots_Leveraging_AI_to_Analyze_Data_from_Robotic_Surgical_Systems_to_Predict_and_Prevent_Equipment_Failures_Ensuring_Smoother_Operation_and_Improved_Patient_Care/links/661a597566ba7e2359c63610/Predictive-Maintenance-for-Medical-Robots-Leveraging-AI-to-Analyze-Data-from-Robotic-Surgical-Systems-to-Predict-and-Prevent-Equipment-Failures-Ensuring-Smoother-Operation-and-Improved-Patient-Care.pdf
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B16%5D%09P.+Kaledio+and+L.+Doris%2C+%E2%80%9CPredictive+Maintenance+for+Medical+Robots%3A+Leveraging+AI+to+Analyze+Data+from+Robotic+Surgical+Systems+to+Predict+and+Prevent+Equipment+Failures%2C+Ensuring+Smoother+Operation+and+Improved+Patient+Care%E2%80%9D%2C+2024&btnG=
https://www.researchgate.net/profile/Kaledio-Potter/publication/379783934_Predictive_Maintenance_for_Medical_Robots_Leveraging_AI_to_Analyze_Data_from_Robotic_Surgical_Systems_to_Predict_and_Prevent_Equipment_Failures_Ensuring_Smoother_Operation_and_Improved_Patient_Care/links/661a597566ba7e2359c63610/Predictive-Maintenance-for-Medical-Robots-Leveraging-AI-to-Analyze-Data-from-Robotic-Surgical-Systems-to-Predict-and-Prevent-Equipment-Failures-Ensuring-Smoother-Operation-and-Improved-Patient-Care.pdf
https://doi.org/10.3390/pr12081690
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B17%5D%09B.+Hu%2C+Z.+Chen%2C+M.+Zhen%2C+Z.+Chen+and+E.+Pan%2C+%E2%80%9CSystem-Level+Predictive+Maintenance+Optimization+for+No-Wait+Production+Machine%E2%80%93Robot+Collaborative+Environment+under+Economic+Dependency+and+Hybrid+Fault+Mode%E2%80%9D%2C+Processes%2C+vol.+12%2C+no.+8%2C+pp.+1690%2C+2024&btnG=
https://www.mdpi.com/2227-9717/12/8/1690
https://www.mdpi.com/2227-9717/12/8/1690
https://doi.org/10.3390/s23135970
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B18%5D%09M.+Mol%C4%99da%2C+B.+Ma%C5%82ysiak-Mrozek%2C+W.+Ding%2C+V.+Sunderam+and+D.+Mrozek%2C+%E2%80%9CFrom+corrective+to+predictive+maintenance%E2%80%94A+review+of+maintenance+approaches+for+the+power+industry%E2%80%9D%2C+Sensors%2C+vol.+23%2C+no.+13%2C+pp.+5970%2C+2023&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B18%5D%09M.+Mol%C4%99da%2C+B.+Ma%C5%82ysiak-Mrozek%2C+W.+Ding%2C+V.+Sunderam+and+D.+Mrozek%2C+%E2%80%9CFrom+corrective+to+predictive+maintenance%E2%80%94A+review+of+maintenance+approaches+for+the+power+industry%E2%80%9D%2C+Sensors%2C+vol.+23%2C+no.+13%2C+pp.+5970%2C+2023&btnG=
https://www.mdpi.com/1424-8220/23/13/5970
https://doi.org/10.1007/s10845-023-02076-6
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B19%5D%09A.+Polenghi%2C+L.+Cattaneo+and+M.+Macchi%2C+A+framework+for+fault+detection+and+diagnostics+of+articulated+collaborative+robots+based+on+hybrid+series+modelling+of+Artificial+Intelligence+algorithms.+Journal+of+Intelligent+Manufacturing%2C+vol.+35%2C+no.+5%2C+pp.+1929-1947%2C+2024&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B19%5D%09A.+Polenghi%2C+L.+Cattaneo+and+M.+Macchi%2C+A+framework+for+fault+detection+and+diagnostics+of+articulated+collaborative+robots+based+on+hybrid+series+modelling+of+Artificial+Intelligence+algorithms.+Journal+of+Intelligent+Manufacturing%2C+vol.+35%2C+no.+5%2C+pp.+1929-1947%2C+2024&btnG=
https://link.springer.com/article/10.1007/s10845-023-02076-6
https://doi.org/10.1080/0951192X.2022.2162591
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B20%5D%09P.+Aivaliotis%2C+Z.+Arkouli%2C+K.+Georgoulias%2C+and+S.+Makris%2C+%E2%80%9CMethodology+for+enabling+dynamic+digital+twins+and+virtual+model+evolution+in+industrial+robotics-a+predictive+maintenance+application%E2%80%9D%2C+International+Journal+of+Computer+Integrated+Manufacturing%2C+vol.+36%2C+no.+7%2C+pp.+947-965%2C+2023&btnG=
https://www.tandfonline.com/doi/full/10.1080/0951192X.2022.2162591
https://doi.org/10.3390/electronics12091999
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B21%5D%09D.+Mourtzis%2C+S.+Tsoubou+and+J.+Angelopoulos%2C+%E2%80%9CRobotic+cell+reliability+optimization+based+on+digital+twin+and+predictive+maintenance%E2%80%9D%2C+Electronics%2C+vol.+12%2C+no.+9%2C+pp.+1999%2C+2023&btnG=
https://www.mdpi.com/2079-9292/12/9/1999
https://doi.org/10.1016/j.eswa.2023.121136
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B22%5D%09X.+Wang%2C+M.+Liu%2C+C.+Liu%2C+L.+Ling%2C+and+X.+Zhang%2C+%E2%80%9CData-driven+and+Knowledge-based+predictive+maintenance+method+for+industrial+robots+for+the+production+stability+of+intelligent+manufacturing%E2%80%9D+Expert+Systems+with+Applications%2C+vol.+234%2C+pp.+121136%2C+2023.&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S095741742301638X
https://www.sciencedirect.com/science/article/abs/pii/S095741742301638X
https://doi.org/10.1007/s10845-023-02281-3
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B23%5D%09A.+Chakroun%2C+Y.+Hani%2C+A.+Elmhamedi+and+F.+Masmoudi%2C+%E2%80%9CA+predictive+maintenance+model+for+health+assessment+of+an+assembly+robot+based+on+machine+learning+in+the+context+of+smart+plant%E2%80%9D%2C+Journal+of+Intelligent+Manufacturing%2C+pp.1-19%2C+2024&btnG=
https://link.springer.com/article/10.1007/s10845-023-02281-3
https://doi.org/10.1109/LRA.2024.3368296
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B24%5D%09E.S.+Kolvig-Raun%2C+M.B.+Kj%C3%A6rgaard+and+R.+Brorsen%2C+%E2%80%9CJoint+Stress+Estimation+and+Remaining+Useful+Life+Prediction+for+Collaborative+Robots+to+Support+Predictive+Maintenance%E2%80%9D%2C+IEEE+Robotics+and+Automation+Letters%2C+2024&btnG=
https://ieeexplore.ieee.org/abstract/document/10443045/
https://doi.org/10.1016/j.procs.2024.05.127
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%5B25%5D%09J.E.+Jeon%2C+W.S.+Song%2C+S.J.+Hong+and+S.S.+Han%2C+%E2%80%9CPredictive+Maintenance+System+for+Wafer+Transfer+Robot+Using+Gaussian+Mixture+Model+and+Mean-Shift+Clustering%E2%80%9D%2C+Procedia+Computer+Science%2C+237%2C+pp.453-460%2C+2024&btnG=
https://www.sciencedirect.com/science/article/pii/S1877050924011438

